Trading skills are highly rewarded in practice but largely ignored in theoretical models of financial markets. This paper demonstrates the importance of skills by examining their interaction with market fragmentation and market stability.
Introduction
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Bayesian rationality, the mainstay of decision theory, simply disregards the possibility that some investors may not have the ability to make good decisions:
In the standard model all agents are able to solve the appropriate optimisation problem. In that world, information matters, but skills do not.
In this paper we consider the opposite scenario: a world with complete and symmetric information -but one in which individuals differ in their trading skills.
We present a computational equilibrium model of a market for financial assets in which traders develop skills endogenously. Skill is defined in this paper as a trader's ability, under full symmetric information, to price financial contracts accurately. For instance, a skilled trader could follow an asset pricing theory that enables her to make good decisions on the purchase or sale of incorrectly valued assets. Although skill is irrelevant in perfectly efficient markets, it matters when a trader has to post a price at which others can trade, e.g., in orderdriven markets, or when asset prices in a competitive market deviate from their fair values.
Empirical studies have shown that markets are usually populated by skilled and unskilled traders. The first group is able to consistently make above average risk-adjusted returns and the latter is not, e.g., Oliven and Rietz (2004) ; Barras et al. (2010) ; Fama and French (2010) ; Barber et al. (2014) . Traders develop these skills through learning (e.g. Coates and Page, 2009) , potentially participating in unprofitable trades early in their career in the hope that they will acquire the ability to submit profitable orders with experience (Coval et al., 2005) . Mimicking the trading strategies of superior investors can be profitable:
For instance Grinblatt et al. (2012) find that investors with a high IQ exhibit superior stock picking skill and that copying their trades leads to abnormal annual returns of 11% over low IQ investors.
In this paper we apply an evolutionary learning process where natural selection ensures that profitable trading strategies survive and spread in the mar-
ket.
2 This approach is motivated by the above evidence and by human decisionmaking behaviour in 'large worlds', i.e., situations in which it is impossible to foresee all potential consequences of one's actions. Binmore (2007) argues that in large worlds Bayesian decision theory has to be replaced by other forms of learning and decision-making. Some progress towards that end has been made in game theory, notably by Ellison and Fudenberg (1993) , where the players apply decision rules learned in one set of games when playing a new game in which they have no prior experience. This learning mechanism is a key feature in the model considered here. It describes an adaptive market in the sense of Lo (2004): The agents must either learn and become skilled or free-ride on others' skills, and their incentives to do the one or the other depends upon the institutional setting and the behaviour of other traders. This differs from the approach taken by Grossman and Stiglitz (1980) in which individuals decide whether or not to purchase information.
An important feature of this modelling approach is that risk preferences and other trader characteristics are endogenous (Lensberg et al., 2015) . In particular, there are no utility functions and no preassigned roles as skilled/unskilled trader. Instead, the model implements Alchian's (1950) 'as if' view of rational behaviour as the outcome of a competitive evolutionary process. We find that market prices are rational but, at the same time, there is substantial heterogeneity with respect to skill and trading behaviour.
We consider market structures with multiple trading venues, in which the traders quote prices at which other traders can buy or sell. The market is centralised if there are few venues and many traders at each venue, and fragmented if there are many venues and few traders at each venue. We find that a move from a fragmented to a centralised market structure can harm market stability and increase volatility by adversely affecting the proportion of skilled traders.
Centralised markets protect unskilled traders from the consequences of bad decisions by allowing them to free-ride on the prices discovered by skilled traders.
In the real world, traders free-ride by placing market orders, i.e. orders to buy (or sell) at any price. In the model, traders can place buy or sell market orders by quoting very high or very low prices.
In centralised markets with many traders, transaction prices tend to be efficient, and small market orders tend to have little price impact. Therefore, the incentives to acquire skills are weak, and, in equilibrium, most traders are unskilled. In fragmented markets, market orders have more price impact. Consequently, skilled traders, who quote prices close to fundamental values, make money by trading with unskilled traders who do not, and therefore most traders are skilled in equilibrium. As a result, fragmented markets are more resilient.
Inter-market price variation, defined as the variation in prices between trading venues is, however, increasing in market fragmentation.
Regulators are concerned with the potential lack of competition among exchanges; economies of scale and network externalities make these institutions natural monopolies (Mendelson, 1987) . Regulations such as MiFID in Europe and Regulation ATS and RegNMS in the US aimed to increase competition for order flow (Fink et al., 2006) . As a consequence there has been a rise in the number of alternative trading venues such as crossing networks and dark pools which attract traders away from the main exchanges (Stoll, 2008) . Despite the increase in the number of places to trade, the US market, for instance, has become, as described by O'Hara and Ye (2011), a 'single virtual market with multiple points of entry'.
Market centralisation during the last two decades has been accompanied by a dramatic increase in the stock market participation of non-professional investors (Bogan, 2008) who adopt investment strategies without fully understanding the risks (Bikhchandani et al., 1998) . Our model shows that the increase in the proportion of unskilled traders following market centralisation is an equilibrium phenomenon.
Section 2 sets out a model of a market with multiple trading venues and endogenous skills. Section 3 discusses data collection and performance measurement. Section 4 presents results on the relationship between market fragmentation and pricing errors, the prevalence of skills, and the consequences for price volatility and market resilience. Section 5 concludes. Tests of model convergence and robustness are provided in Appendix AppendixA.
Model
We consider markets populated by agents who trade option contracts at one or more trading venues during a sequence of trading rounds. A market for an option contract is a list (I, N, A, C), where I is the number of traders; N is the number of traders per venue; A is an assignment of venues to traders, and C is the option contract. The set {1, 2, ..., I} is a population of traders, and the pair
To run the model, we first select a market structure M , and a seed for the random number generator. Then for each trading round t = 1, 2, ..., T , we randomly choose an assignment A t of venues to traders, and a random option contract C t to obtain the market (M, A t , C t ). Next, all agents trade in their respective venues, and then (imperfectly) hedge their positions until the contract expires at t + 1. Then a new market opens; the traders are again randomly assigned to venues to trade a new randomly selected option contract. A trader therefore competes with a random selection of traders in each round and, over the sequence of rounds, with the whole population of traders.
We consider a set M of 33 different market structures, with 3 possible population sizes I and 11 venue sizes N . It is defined as 4, 8, 16, 32, 64, 128, 250, 500, 1000, 2000} (1) Trade is bilateral if N = 2, fragmented for small N , centralised for large N , and fully centralised for N = I. The number of venues in a market structure (I, N )
is the integer part of I/N . If N is a divisor of I, every trader will participate in every market. Otherwise there will be some degree of non-participation.
For the market structures in M, the non-participation rate is 4% for (I, N ) = (2000, 128) , and less than 1% for all other market structures. Repeated random assignment of venues to traders ensures that all traders are treated equally with respect to market participation.
Market. In each venue of every market, the buyers and sellers of the contract are determined as follows. All traders simultaneously quote prices at which they are indifferent between buying and selling one option contract. The transaction price is then obtained as the median of these quotes.
3 At this price supply is equal to demand. Traders with quotes above (below) the market price buy (sell) one unit of the contract. Ties are resolved by randomly assigning traders to be buyers and sellers.
All contracts are European call options with three months time to expira-tion. 4 The price dynamic of the underlying asset follows a geometric Brownian motion dS(t) = µS(t)dt + σS(t)dW (t) with drift µ and volatility σ. Traders also have access to a money market with interest rate r. Time is measured in years and the parameter values for drift, volatility and interest rate are given per annum. The initial spot price S(0) is fixed at 100 without loss of generality due to the scalability of the price process.
The set of all option contracts is a subset of R 3 defined as
with typical element C = (K, σ, r).
Gains and losses. At each issue date, a random option contract is drawn from C; its price is established at each venue and traders exchange premiums.
Traders then hedge their exposure to the option contract until expiry by trading in the underlying asset and the money market. At the beginning of each trading day, their portfolio is adjusted to match the Black-Scholes delta-hedging strategy. When the contract expires, sellers pay the option payoff (if any) to buyers.
The profit of a call option writer who delta-hedges the short position in the 3-month option at times t n = n ∆t with n = 0, 1, ..., 65 and ∆t = 1/264, from the issue time t 0 = 0 to the time of expiry T = t 66 evolves as:
where
and Φ is the standard normal cumulative distribution function, v(0) = 0. With option price P , the seller's payoff at expiry is
and that of the buyer is −Π because premium payments, hedge positions and payments net to zero. Since the hedging strategy is not continuous, it provides only an imperfect hedge. There is, therefore, a stochastic element to the returns from all options.
Learning. Each trader has a pricing function which determines her quote.
A pricing function associates a real number to every option contract C ∈ C.
In contrast to standard asset pricing models, these pricing functions are not derived by solving explicitly formulated optimisation problems. Instead, traders replace their pricing functions when they underperform relative to other traders.
A new pricing function is obtained by randomly combining elements from the pricing functions of more successful traders in the same population. Between replacements, the trader's pricing function stays constant. In particular, there is no updating of parameters in response to new information. In this sense, individual traders don't learn. All learning takes place at the population level through competition and natural selection.
Success is measured relative to the market rather than some artificial benchmark. A trader's pricing function is more successful than that of another trader if, on average, it produces more wealth.
We represent the learning process by a genetic programming algorithm with tournament selection as in Lensberg and Schenk-Hoppé (2007 2. Reproduction: Replace the programmes of the two with the lowest rank by copies of those of the two with the highest rank.
3. Crossover: With probability χ 1 , swap two randomly selected sublists of instructions of equal length between the two programmes.
6 Genetic Programming was introduced by Koza (1992) as an extension of genetic algorithms (Holland, 1975) . This technique has been used in economics and finance in multiple applications, for instance, Noe et al. (2003 Noe et al. ( , 2006 investigate optimal security design, whilst Chen and Yeh (2002) ; Yeh and Yang (2010) both use it to model trading strategies in an artificial stock market.
Mutation:
For each programme, with probability χ 2 , an instruction, an operation or operand in a programme is randomly selected, and replaced by a new random instruction, operation or operand.
In every tournament, the two parent programmes are left unchanged, while those of the two offspring are created as described in the algorithm. All four traders keep their wealth unchanged. Alternatively, we could have reset the (mostly negative) wealth of the offspring programmes to the zero population mean. However, that would improve their initial wealth; increase their rate of reproduction; and, since most offspring are unskilled, slow down the learning process. To support learning, the offspring should display some evidence of skill before they get a chance to reproduce. To that end, we give them an initial handicap by preserving their wealth, and use discounting to ensure that the handicap is only temporary.
At every option market date, the accumulated wealth (positive or negative) of each trader is discounted by the multiplicative factor (1 − τ ), where τ is the 3 month discount rate.
7 Discounting provides poor traders with good pricing functions with a chance to overtake wealthy traders with inferior ones, while preserving wealth ratios and tournament rankings. Without discounting, the genetic algorithm would not be able to produce increasingly better pricing functions.
The parameter values for the model are presented in Table 1 . It takes about 10 million trading rounds to evolve a model to a converged state. We provide some margin by adding another 7.5 million rounds. For every trading round we carry out I/2000 tournaments. Each tournament involves four pricing rules, of which two are replaced, hence pricing functions are replaced at a rate of 1/1000 per trading round.
Data and performance measurement
In this section we describe the data and the performance measures that will be used to assess the quality of different market structures. Our main interest is in trader skill, but we will also consider various measures of price variation.
Data for the analyses are generated as follows. For each market structure 
The traders' pricing decisions on this set of options are evaluated only to collect data; there is no corresponding change in their wealth.
The performance measures will be based on various aggregates of quotes and transaction prices, and we will distinguish carefully between the two. For that purpose, the following definitions will be useful:
A trader quote is a price quote made by an individual trader. In measuring skill, choosing a proper benchmark is a key issue. Figure 1 depicts the distributions of trader quotes for the option contract (K, σ, r) = (95, 0.2, 0.035) in two market structures; one bilateral and one fully centralised.
The middle spike of the left graph is shown in detail on the right.
An obvious measure of skill is the deviation between a trader's quote and the Black-Scholes price, which is marked by the vertical lines in Figure 1 . The left graph illustrates that the quotes tend to cluster in three distinct areas: very low prices, very high prices, and at some value in between, fairly close to the BlackScholes price. Any measure of skill based on the distance to some benchmark will therefore be dominated by the extreme quotes, with low sensitivity to variations in quotes within the middle cluster. Traders who quote either very high or very low prices for the option are the ones we would like to call unskilled. But such behaviour does not necessarily make them stupid. In real markets, many traders use market orders 8 to execute their trades. In centralised markets with many traders, transaction prices tend to be efficient, and small market orders tend to have little price impact. Unskilled traders can then use market orders to free ride on the prices discovered by skilled traders. In fragmented markets, the price impact of market orders is larger, and the cost of being unskilled higher.
In the model, the traders can easily submit market orders by quoting a very high price to implement a buy order, or a very low price for a sell order. But the cost of doing so is high in fragmented markets. To see this, consider a bilateral market for a contract with fundamental value p f , where the two traders, denoted s and b, quote prices p s and p b such that p s < p b . Then trader s is the seller, b is the buyer, and the transaction price is p t = (p s + p b )/2. The traders' expected 8 A market order is an order to buy (or sell) at any price.
13 profits, π s and π b , satisfy
Equation (5) shows that both traders have an incentive to quote a price close to that of the other trader, and in Nash equilibrium, they both quote the fundamental price. 14 to the mid price between the buy and sell prices. This suggests to measure skill relative to the mid price between the buy and sell prices. But that too depends on the traders' risk aversion. For example, increasing the risk aversion from 2 to 4 increases the mid price from 7.54 to 7.71.
Since risk aversion is an endogenous (and only implicit) variable of the model, the mid price in Figure 2 is not a feasible benchmark for measuring skill.
An unbiased measure of skill can be obtained if we are willing to assume that the markets mostly get it right. We can then measure a trader's skill by counting the number of contracts inĈ for which her quote lies within a neighbourhood of the market mid quote.
In view of these considerations, we introduce the following performance measures and associated data sets. Unless otherwise stated, the data are collected by means of a single evaluation of each individual pricing function in the converged models for each contract in the setĈ of test option contracts.
Skill is a measure how well a trader can price option contracts. We use the market mid quotes for all the 27 contracts inĈ as a benchmark. We then consider the quotes made by a trader i for these contracts and count the number of quotes that lie within a ±10% band around the corresponding market mid quote 10 .
The resulting number k i ∈ {0, ..., 27} is trader i's skill, and (1/I) I i=1 k i is the population skill. Our data set consists of mean population skill conditional on market structure for each one of the 50 model runs with each market structure.
This yields a total of 33 × 50 = 1, 650 observations.
Trader pricing error measures the extent to which the price quotes of individual traders deviate from Black-Scholes prices. For each contract inĈ and each trader in the population, we compute the absolute difference between the trader's quote and the Black-Scholes price. The trader pricing error is the mean of these differences across all traders in the population. Our data set consists of mean trader pricing errors conditional on 33 market structures and 27 option contracts, a total of 891 observations.
Market pricing error measures the extent to which market mid quotes deviate from Black-Scholes prices. The objective is to have a measure of pricing error which is less sensitive to extreme quotes than the trader pricing errors.
For each contract inĈ, we compute the absolute difference between the market mid quote and the Black-Scholes price. Our data set consists of mean market pricing errors conditional on 33 market structures and 27 option contracts, a total of 891 observations.
Trader wealth is used to measure the association between skill and wealth.
For each market structure (I, N ) ∈ M, we have a set of 50 converged models.
We restart each model with zero wealth for each trader and run the model for 100,000 trading rounds with the tournament process turned off to keep the traders' pricing functions intact. We then make a record of each trader's wealth, his skill, and the market structure parameters I and N . Finally, we construct a data set by computing mean wealth conditional on market structure and trader skill. This yields a total of 924 observations (3 population sizes, 11 venue sizes and 28 levels of skill ranging from 0 to 27).
Price volatility measures the time-series variability of market mid prices.
We do 10,000 rounds with the converged models with the tournament process turned on. For every 10 rounds, we compute the market mid price of each option contract inĈ to get a sample X of 1,000 observations for each run and contract.
The price volatility of contract C for that run is the volatility of sample X.
We compute mean volatility conditional on 33 market structures and 27 option contracts to obtain a data set with 891 observations.
Price dispersion is a measure of the variability in transaction prices across trading venues. Market structures (I, N ) with N = I are excluded since they have only one venue and no price dispersion. This is the case for (I, N ) = (2000, 2000) only, but in order to preserve orthogonality among the treatment variables, we also exclude the two other market structures with N = 2000.
To collect data, we run 10,000 rounds with the converged models with the tournaments process turned on. For every 10 rounds, we compute the transaction prices for each venue and each option contract inĈ to get a sample of 1,000 observations for each run, venue and contract. For each run and contract, we compute the standard deviation of transaction prices across market venues and take the average of these standard deviations across the set of 1,000 observations to get the price dispersion for that run and contract. We compute mean volatility conditional on 30 market structures and 27 option contracts to obtain a data set with 810 observations. Price sensitivity is measured by exposing the market to shocks in terms of entries into the market by traders with extreme option valuations. Let P (0) be market mid quote in the population without additional traders, and let P (J) resp. P (−J) denote the market mid quote when J > 0 additional individuals who post the highest resp. lowest feasible quote are added to the market. The shock size J can take on 7 values; 1%, 2%, 5%, 10%, 20%, 40%, and 80% of the population size I. For each value of J, we calculate the corresponding price sensitivity
We compute mean price sensitivity conditional on 33 market structures, 27 options and 7 shock sizes to obtain a data set with 6,237 observations. We therefore log transform all of them to obtain less skewness in general while preserving comparability between the pairs. Skill is bounded between 0 and 27, and we use a logit transformation of Skill/27 to obtain an unbounded range. Wealth displays strong negative skewness, which is caused by large numbers of unlucky unskilled traders. We apply an exponential transformation to obtain some reduction in skewness at the expense of a bounded range.
Results
The discussion of the results follows the list of performance measures: Pricing errors, skill, wealth distribution, and the three measures of price variation.
We explore the properties of the model by regressing each performance measure on the market structure parameters I (population size) and N (venue size).
In addition, we use a dummy variable 'Fragmented' to distinguish between fragmented and highly centralised markets. The dummy variable is set to 1 for markets with venues of 250 traders or less. At about this venue size most of the dependent variables exhibit a kink when plotted against venue size. We include the Black-Scholes price as an additional regressor, wherever that is relevant.
This improves precision and provides some information on whether the traders distinguish systematically between cheap and expensive options. Alternatively, we could have included each separate option parameter, but their main effect appears to go through the Black-Scholes price. All regressions will be run with log-transformed versions of the explanatory variables.
Our model runs are structured in such a way that the regressors are orthogonal, hence there is no multicollinearity in the data sets, except between venue size and its cross product with the dummy variable. We use OLS to estimate the parameters and robust (HC3) standard errors to deal with heteroskedasticity.
Since our data sets are quite large, we use a 1% significance level for hypothesis testing.
Pricing errors
We first investigate the relationship between market structure and pricing errors. The pricing error of a quote is the absolute difference between the quote and the Black-Scholes price. We estimate one model for the quotes made by individual traders and one for market mid quotes. Table 3 contains the results. As discussed in Section 3 and illustrated in Figure 1 , unskilled traders effectively submit market orders by quoting very high or very low prices. Moreover, the price impact of market orders is lower in more centralised markets. We therefore expect to find an increasing relationship between venue size and individual pricing errors.
Model (1) of Table 3 To see why, recall first that due to imperfect hedging, fair market prices are higher than Black-Scholes prices, and more so for more risk averse traders, cf. 
Skill
We investigate how skill varies with the market structure. The key variable is venue size (market centralisation), which we expect to have a negative impact on skill. Three model specifications are used: Model (1) measures the overall impact of venue size on skill, Model (2) looks at the effect of population size, and Model (3) considers whether the effect of venue size differs between markets that are more or less fragmented at the outset. Table 4 provides the results. Model (1) shows that centralisation has a negative effect on skill. As expected, the coefficient of log(Venue size) is negative and highly significant, and the model produces a good fit with R 2 = 62.3%. In fragmented markets, individual quotes have more price impact, and this puts pressure on the traders to develop skills. Model (2) shows that population size has a significant positive 22 effect on skill, but this effect has low economic importance, as measured by its impact on R 2 .
In Model (3), we add the 'Fragmented' dummy and its interaction with venue size. As with pricing errors, we find that the direct effect of venue size is picked up by its interaction with the Fragmentation dummy, and hence, that the effect of increased venue size on skill is limited to markets that are relatively fragmented at the outset. In highly centralised markets, further centralisation does not decrease skill.
In supporting large numbers of unskilled traders along with a few skilled ones, the centralised markets in our model resemble those examined by Oliven and Rietz (2004) . Unskilled traders only have a small effect on the price and receive very little feedback on their strategy; instead they free-ride on the skills of others. Barber and Odean (2001) observe that with easier market access through internet trading, there has been a growth in free on-line advice. Unskilled traders can then get a free ride by basing their decisions on this information.
Skill and wealth
If skill is valuable, one may wonder why some traders are unskilled. Clearly, there must be some cost associated with skill, and this cost arises because skill entails model risk for the traders who attempt to acquire it. Although our traders do not obtain their pricing functions through conscious deliberation, the evolutionary learning process works as if they do. Suppose a trader who is about to change his pricing function could choose between a robust rule of thumb (e.g. always quote a very high price) or a combination of two complex pricing functions, both of which are sensitive to small variations in the data. In a centralised market, the first alternative is safe because the trader will do no worse than other buyers. The second alternative is risky because a combination of two sensitive pricing functions might result in one that loses money system-23 atically. The equilibrium number of skilled traders will therefore depend on the trade off between the expected cost of model risk and the expected benefits of skill.
The marginal reward to skill should be highest in those market structures where skill matters most, i.e., in bilateral markets where the transaction price is halfway between the two traders' quotes. It should be lowest in fully centralised markets where the expected price impact is small. As we have seen in the previous analysis, skill increases with market fragmentation. We therefore expect skill to increase wealth and more so in more fragmented markets. Traders who free-ride on the prices discovered by skilled traders face little model risk, and in equilibrium they should not be rewarded. Table 5 contains results on the relationship between skill and wealth conditional on the market structure. The table shows that wealth increases with increasing skill (Model 1), with no significant difference between fragmented and centralised markets, (Model 2). In Model (3), we include the cross product of skill and venue size among the the set of regressors. By considering the combined effect of the three variables involving skill and venue size, the following picture emerges: (i) Skill has a positive effect on wealth across all venue sizes, but this effect is small in highly centralised markets. (ii) Venue size has a strong positive effect on wealth for low levels of skill, but the effect is close to zero for skill levels beyond 15. To paraphrase: Traders in fragmented markets would like to be skilled, but skill is a minor concern for traders in highly centralised markets. Unskilled traders would prefer to trade in centralised markets, but highly skilled traders do not care where they trade because high skill is always rewarded. Table 5 : Skill and wealth. We run the converged models for 100,000 trading rounds with the tournament process turned off, and with zero initial wealth for all traders. After the last round of each run, we collect wealth data for each individual trader, which yields a total of 8.7 million observations. We aggregate the data by computing the mean wealth for each population size, venue size, and each level of skill between 0 and 27. This gives 924 observations (3 population sizes, 11 venue sizes ranging between 2 and 2,000, and 28 levels of skill). Robust standard errors in parentheses.
Dependent variable:
exp(Wealth) 
Option price volatility and dispersion
In this section, we examine the time-series and cross-sectional variation of option prices conditional on the market structure. The main question of interest is whether market quality, in terms of low price variation across time and space, is better in centralised or fragmented markets. The raw data consist of transaction prices for individual trading venues. For the volatility analysis, we use time series of returns based on market mid prices (median transaction prices across trading venues). For the analysis of cross-sectional price dispersion, we use time series of standard deviations across market venues. Table 6 presents the results for time-series volatility.
Price volatility increases with centralisation, (Model 1) and the effect is limited to markets that are fragmented at the outset, (Model 3). The mechanism Table 6 : Price volatility. We run the the converged models for 10,000 rounds with the tournaments process turned on. For every 10 rounds, we compute the market mid price of each option contract inĈ to get a sample X of 1,000 observations for each run and contract. The price volatility of contract C for that run is the volatility of sample X. We compute mean volatility conditional on 33 market structures and 27 option contracts to obtain a data set with 891 observations. Robust standard errors in parentheses.
Dependent variable:
log(Volatility) which drives the effect of centralisation on skill in fragmented markets appears to drive its impact on time-series volatility as well. As illustrated in Figure 1 , a fragmented market displays a higher density of quotes around the median price.
Transaction prices are therefore less prone to change in response to noise from unskilled traders' decisions.
Model (2) shows that price volatility is lower in larger populations of traders.
The estimated coefficient is large and significant with a noticeable effect on the model fit. Still, from an economic perspective, increased venue size in ex ante fragmented markets, which leads to a loss of skill, is the main cause of increased time-series volatility.
In Model (4) we add the Black-Scholes price to the list of regressors. This yields more precise estimates for the market structure variables, but the coefficients do not change due to orthogonality among the regressors. The model shows that price volatility is higher for more expensive options.
Our results on price volatility agree with those of Smith et al. (1988) , who find that markets with a large proportion of unskilled or inexperienced traders have larger price fluctuations.
We next consider the relationship between market structure and cross-sectional variation of prices. Table 7 shows the results. Table 7 : Price dispersion. We run the converged models for 10,000 rounds with the tournament process turned on. Market structures with venue size 2,000 are excluded. For every 10 rounds, we compute the transaction prices for each venue and each option contract inĈ to get a sample of 1,000 observations for each run, venue and contract. For each run and contract, we compute the standard deviation of transaction prices across market venues and take the average of these standard deviations across the set of 1,000 observations to get the price dispersion for that run and contract. We compute mean volatility conditional on 30 market structures and 27 option contracts to obtain a data set with 810 observations. Robust standard errors in parentheses.
log(Price dispersion) Model 1 shows that cross-sectional price variation decreases with market centralisation. Price dispersion is lower in larger populations of traders (Model 27 2), and the effect of population size on price dispersion is virtually identical to its effect on volatility. In Model (3), we include the 'Fragmented' dummy and its cross-product with venue size. The effect of these variables appears to be significant, but including them adds nothing to the model fit. The estimated coefficients and standard errors of Model (3) indicate that this only picks up the multicollinearity between venue size and its cross-product with the dummy variable. Since Model (3) appears to be misspecified, we exclude the dummy terms from model (4) and conclude that venue size has a uniform negative marginal effect on price dispersion.
The uniform impact of centralisation on price dispersion results from two opposite effects. In fragmented markets, there are many venues and many different transaction prices. In centralised markets, there are few venues with many traders in each. Other things being equal, it follows by the law of large numbers that price dispersion is lower in more centralised markets. On the other hand, in fragmented markets, the traders are more skilled, and therefore, other things being equal, price dispersion is lower in fragmented markets. In our preferred model (4) it appears that the law of large numbers beats loss of skill with respect to the impact of centralisation on price dispersion.
Our results on time-series and cross-sectional volatility mirror those in Madhavan (1995) . In our model, the skilled traders effectively act as market makers.
They set the market price and stand ready to take either side of the contract at this price. With endogenous skills, prices are more volatile in fragmented markets, but their post-trade information on prices is more precise in comparison with centralised markets.
Resilience
We use our measure of price sensitivity (6) We expose the models to shocks by injecting traders with extreme option valuations into the populations. Let P (0) be market mid quote in the population without additional traders, and let P (J) resp. P (−J) denote the market mid quote when J > 0 additional individuals who post the highest resp. lowest feasible quote are added to the market. The shock size J can take on 7 values; 1%, 2%, 5%, 10%, 20%, 40%, and 80% of the population size I. For each value of J, we calculate the price sensitivity ((P (J) − P (−J))/P (0))/(J/I). We compute mean price sensitivity conditional on 33 market structures, 27 options and 7 shock sizes to obtain a data set with 6,237 observations. Robust standard errors in parentheses.
Dependent variable:
log(Price sensitivity) Model (1) shows that price sensitivity increases with market centralisation. This is a direct effect of the loss of skill. Fragmented markets absorb shocks better because they have more skilled traders who quote prices close to the market mid quote. Population size reduces price sensitivity (Model 2), but this effect is not important, as measured by its impact on R 2 .
In Model (3), we include the "Fragmentation" dummy and its cross-product 29 with venue size. As usual, the effect of centralisation on price sensitivity is limited to markets that are relatively fragmented at the outset. Model (4) shows that market resilience is better for more expensive options, and this effect is large and economically important.
The difference in resilience between fragmented and centralised markets is illustrated in an example. We consider a scenario in which a market attracts (unskilled) bullish traders over a prolonged number of rounds. We model such a trader as one who quotes the highest feasible price for every option. These traders therefore increase the market mid quote. The effect will be stronger, the sparser the distribution of quotes close to the median quote.
We analyse two cases of different degrees of market centralisation. In the first case, trade is bilateral, and in the second case, trade is centralised at one venue. The initial trader population at round zero in both cases is taken from the equilibrium of the bilateral market with 4,000 traders. For each round in a sequence of 5,000 trading rounds, another bullish trader enters the population with 50% probability. After round 5,000 the market evolves without further exogenous shocks. Figure 3 depicts the scenario in which the inflow of bullish traders coincides with a change in market structure from bilateral to centralised trade. The inflow leads to a period during which the option is overvalued.
Panel (b) in
The market mid quote increases more than in the bilateral case because the decline in the proportion of skilled traders is more pronounced. Unskilled sellers outperform unskilled buyers and do at least as well as skilled traders (who are both on the same side of the market as unskilled sellers). Therefore the proportion of unskilled sellers grows at the expense of skilled traders. As soon as the inflow of bullish traders stops, the market mid quote sharply declines and undershoots the initial mid quote. Price volatility increases as skilled traders are replaced by unskilled individuals. This is caused by the diminishing benefit of skill in more centralised markets. To put the negative effect into perspective, we note that initially 76% of the traders are skilled, but by round 30,000 (not shown in figure) , their proportion is reduced to 28% and asymptotically becomes 5.6%. In contrast, the proportion of unskilled buyers and sellers increases from 12.6% to 62.4%.
Conclusion
The paper demonstrates that the ability of traders to make good decisions, rather than taken for granted, can be considered as an equilibrium phenomenon.
To this end, we propose a model where skills are endogenous and study the effect of market centralisation on trader skill. We find that the level of skill decreases as markets become more centralised. This has implications for option price volatility and market resilience. Volatility is lowest, and resilience highest in bilateral markets, but these benefits come at the cost of higher price dispersion across trading venues. Our results suggest that the transparency and cost efficiency of centralised markets must be weighed against higher price volatility and lower resilience in those markets.
By viewing skills as endogenous to markets, our findings highlight a hidden cost of moving the trade of complex assets towards centralised exchanges. While it may be socially desirable to have an asset traded at one price, centralising trade to accommodate unskilled investors can be counterproductive for market stability and price efficiency.
AppendixA. Model convergence and sensitivity
The appendix contains two tests of the numerical model. First, we check whether the model is in a converged state when we extract the data for the analyses. If the model has converged, we can be reasonably confident that our results represent equilibrium phenomena. Second, we check the robustness of our results by measuring the sensitivity of the model to changes in some of the key parameters of the genetic programming algorithm.
AppendixA.1. Convergence
To test convergence, we use data on market pricing errors across two different sample periods. Each sample period consists of 10,000 observations sampled at 10 round intervals. The two samples are 5 million rounds apart. We estimate our model of market pricing errors (model (4) in Table 3 ) with the addition of a dummy T2 for the second sample period, and the cross-products of that dummy with all the explanatory variables.
Alternatively, we could have used skill or trader pricing errors for the test.
However, skill is measured against an endogenous variable, which could then exhibit a trend that would not be picked up by the test. A test based on pricing errors will detect such trends because pricing errors are measured against a fixed benchmark; the Black-Scholes price. We use market pricing errors, rather than trader pricing errors as our test variable, because trader pricing errors are dominated by extreme quotes by unskilled traders, as discussed in Section 4.1. Table A .9: Convergence. We run the evolved models for 5.1 million trading rounds and sample data from the first and last 100,000 rounds for every 10th round. This yields two samples of 10,000 observations for each run, 5 million rounds apart. For each run and sample, we compute the mean market pricing error, which is the dependent variable in this regression. The dummy variable T2 represents the second sample period, and the regression includes the cross-products of T2 with all other regressors. An F-test on the terms involving T2 is used to test the null hypothesis that market pricing errors, conditional on market structure and Black-Scholes option values, are the same in both sample periods. Robust standard errors in parenthesis. involving the dummy are significant, hence none of the coefficients seem to exhibit any trend. We next use an F-test to test whether market pricing errors, conditional on market structure and Black-Scholes option values, are the same in both sample periods. This amounts to testing whether the terms involving the dummy are jointly zero. The F-test yields a P-value of 0.044, too large to be significant at the 1% level. We can therefore assume that the model has converged, and that the data for our analyses are extracted from an equilibrium state.
collected at a single point in time, while the data for Table A .9 are averages across 10,000 trading rounds.
with respect to the ranking of agents in tournaments. Traders in the bilateral market receive feedback on their decisions in every trading round, but traders in centralised markets can vary their decisions widely without getting any feedback.
A higher discount rate is therefore likely to have a stronger negative impact on learning in centralised markets.
We next look at the effect of an increase in the mutation rate 12 from 5% to 50% and 95%. In general, higher mutation rates reduce skill in both markets.
An increase from 5% to 50% has no significant in the centralised market, but the percentage reduction in skill from an increase in the mutation rate from 5%
to 95% is about the same for both market structures. More mutations creates more noise in the evolutionary reproduction process, which inhibits the role of the copy and crossover operations.
Finally, we consider a reduction in the complexity of the traders' pricing functions by reducing their programme size from 256 to 128 and 64. In the bilateral market, smaller programs have a significant but small effect on skill.
In the centralised market, the effect is much larger, even in absolute terms. As programme size can be said to limit the reasoning abilities of the traders, this seems to indicate that traders in centralised markets face a more difficult task than traders in bilateral markets, although it is hard to say why this might be the case.
12 The mutation rate as well as the specific way in which mutations are carried out is known to potentially have a strong impact on convergence, e.g., Maschek (forth), although this is very model-dependent. In our setting, as confirmed by Table A .10, the mutation probability is not a critical parameter. Two aspects of our approach help to avoid the solution getting trapped in a sub-optimal state. (1) We use GP rather than GA, and (2) mutation works as a two-step process. Whether or not a program will be mutated is governed by probability χ 2 . If it is, then a second random draw decides whether a (randomly chosen) instruction, operand or operator is changed. Therefore both minor and major random changes can occur.
